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Abstract
BACKGROUND: Efforts to identify important risk factors for cognitive impairment and 
dementia have to date mostly relied on meta-analytic strategies. A comprehensive empirical 
evaluation of these risk factors within a single study is currently lacking.
OBJECTIVE: We used a combined methodology of machine learning and semi-parametric 
survival analysis to estimate the relative importance of 52 predictors in forecasting cognitive 
impairment and dementia in a large, population-representative sample of older adults.
METHODS: Participants from the Health and Retirement Study (N = 9,979; aged 50–98 years) 
were followed for up to 10 years (M = 6.85 for cognitive impairment; M = 7.67 for dementia). 
Using a split-sample methodology, we first estimated the relative importance of predictors using 
machine learning (random forest survival analysis), and we then used semi-parametric survival 
analysis (Cox proportional hazards) to estimate effect sizes for the most important variables.
RESULTS: African Americans and individuals who scored high on emotional distress were at 
relatively highest risk for developing cognitive impairment and dementia. Sociodemographic 
(lower education, Hispanic ethnicity) and health variables (worse subjective health, increasing 
BMI) were comparatively strong predictors for cognitive impairment. Cardiovascular factors (e.g., 
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smoking, physical inactivity) and polygenic scores (with and without APOE ε4) appeared less 
important than expected. Post-hoc sensitivity analyses underscored the robustness of these results.
CONCLUSIONS: Higher-order factors (e.g., emotional distress, subjective health), which reflect 
complex interactions between various aspects of an individual, were more important than narrowly 
defined factors (e.g., clinical and behavioral indicators) when evaluated concurrently to predict 
cognitive impairment and dementia.
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INTRODUCTION
In 2018, it was estimated that 50 million persons were living with dementia worldwide, with 
an associated annual care costs of approximately 1 trillion USD [1]. As such, dementia 
poses a major global challenge for health, well-being, and social care [2,3]. Overcoming this 
challenge will require confronting considerable gaps in our understanding of the 
multifactorial etiology of dementia and the lack of a disease-modifying treatment. Even if 
effective treatments are developed, prevention and risk reduction will still be fundamental 
strategies [2,4,5]. The World Health Organization (WHO) has recently released guidelines 
on risk reduction of cognitive decline and dementia [3] that point to multiple predictors of 
disease onset and progression [2,5–12]. Such a multifactorial etiology prompts questions 
about the relative importance of individual predictors to be targeted for prevention.
To date only a few empirical studies have compared the relative importance of predictors, 
and these approaches have mostly relied on meta-analytic methodologies. Barnes and 
colleagues [13], for example, developed a late-life dementia risk index that identified age 
and cognitive performance as the most salient predictive factors. The Alzheimer’s 
Association concluded that the strongest predictors are age, family history, apolipoprotein E 
ε4, midlife obesity, midlife hypertension, smoking, diabetes, education, and physical activity 
[5]. The risk ranking of a mixed‐methods study included depression, midlife hypertension, 
physical inactivity, diabetes, midlife obesity, hyperlipidemia, and smoking [8]. The Lancet 
Commission on Dementia Prevention, Intervention, and Care estimated that approximately 
35% of dementia is attributable to a combination of childhood education, midlife 
hypertension, midlife obesity, hearing loss, late-life depression, diabetes, physical inactivity, 
smoking, and social isolation [2].
Evidence from these prior studies shows relative consistencies among the identified risk 
factors (e.g., smoking, diabetes, physical inactivity, midlife hypertension) [2,5,8]. However, 
results of meta-analytic approaches are vulnerable to sources of bias related to 
methodological differences across the summarized research (e.g., differences in data quality 
and sample selection criteria, heterogeneity across instruments assumed to measure the same 
predictors, potential publication bias). Moreover, interactions among risk factors are 
notoriously difficult to test in a comprehensive way using classical parametric regression 
techniques. Therefore, the aggregation of results from such studies may exclude variables 
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that act mainly through indirect pathways (e.g., via amplification of other risk factors’ 
effects on the given outcome). A clearer picture of such associations may emerge when risk 
factors are concurrently evaluated using data from the same (population representative) 
sample. Nevertheless, we were unable to identify any such study in which multiple risk 
factors for cognitive impairment and dementia were comparatively tested for differences in 
predictive strength.
To address this limitation in the literature, we used a machine learning approach (random 
forest survival analysis; RFSA) to evaluate the relative importance of 52 predictors for 
cognitive impairment and dementia in a large, population representative sample of adults (N 
= 9,979; aged 50–98 years) assessed over a period of up to 10 years. RFSA is an extension 
of regression trees, a non-parametric statistical method in which observations are recursively 
partitioned to identify variables most strongly associated with the outcome of interest [14–
16]. RFSA aggregates estimates of predictor-outcome strength across multiple regression 
trees to estimate each predictor’s variable importance (VIMP) and relative importance (Irel) 
with respect to other tested predictors. Unlike more common approaches based on 
regression, RFSA implicitly adjusts for all possible linear, non-linear, and higher-order 
interaction effects. It also provides built-in safeguards against multicollinearity (i.e., 
predictors so closely interrelated that their effects cannot be disentangled) and model overfit 
(i.e., model estimates that cannot be replicated in independent samples because they relate 
also to the noise present in the sample analyzed). However, RFSA was not developed within 
a standard probabilistic framework. Therefore, we first applied RFSA to a random half 
subsample (n1=4,990) of the original sample, to assess the most important risk factors for 
cognitive impairment and dementia. Then, in the remaining random half subsample 
(n2=4,989), we examined these most important risk predictors using Cox proportional 
hazards analysis (Cox PH [17]), which is better suited to interpretation of effect sizes based 
on a known statistical distribution. This multi-analytic (split sample) methodology allowed 
us to comprehensively test the relative importance of numerous, interrelated risk factors and 
to estimate effect sizes for the strongest predictors of cognitive impairment and dementia.
Based on the consensus of aforementioned literature, we expected health-related variables 
such as diabetes, physical inactivity, and smoking to be the most important risk factors for 
cognitive impairment and dementia risk. We also expected education [2,5] and emotional 
distress [2,8] to be implicated.
METHODS
Participants
We analyzed data from the Health and Retirement Study (HRS); a longitudinal panel study 
that surveys a representative sample of older adults in the United States. Data were collected 
by the University of Michigan and the research protocol was approved by their Institutional 
Review Board. Since HRS’ inception, participants have completed cognitive tasks designed 
to measure general cognitive status every two years. Starting in 2006, HRS included a 
psychosocial questionnaire and an in-person interview with physical measurements. Half of 
the participants completed the assessment in 2006, and the other half completed it in 2008. 
We used the combined 2006/2008 data as baseline to predict future cognitive status by 
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implementing an analytic design ensuring longitudinal prediction. Cognitive status from 
2008 (if predictor data available in 2006), 2010, 2012, 2014, and 2016 was used as outcome. 
The follow-up thus ranged from 2–10 years (M = 6.85 years for cognitive impairment, M = 
7.67 years for dementia).
The sample size of the current longitudinal data analysis was determined using existing HRS 
data. Participants who met the following criteria were included in the analyses: (1) 
cognitively unimpaired and aged 50+ years at baseline, (2) availability of predictor data at 
baseline, and (3) availability of cognitive data at least at one follow-up. Our entire sample 
consisted of 9,979 participants (Mage = 67.01 years, SD = 9.18 years; 59.8% women). Over 
the follow-up, 3,119 participants developed cognitive impairment (31.3%; mean age at onset 
= 73.86 years, SD = 8.70 years) and 622 participants developed dementia (6.2%; mean age 
at onset = 74.68 years, SD = 8.79 years; see below for screening procedure). Figure S1 
(supplementary material) displays the percentage of cognitive impairment/dementia per total 
sample and age group across follow-ups.
Predictors
We included a comprehensive list of predictors identified from previous literature and 
available in HRS that included 52 variables: demographic (10), biomarkers/polygenic (7), 
health (26), and psychosocial (9). The assessment of predictors is described in the 
supplementary material (S1.1). Descriptive statistics are presented in Table 1.
Outcomes: Cognitive impairment and dementia
We used the Langa-Kabeto-Weir (L-K-W) algorithm [18,19] to define cognitive status. The 
L-K-W algorithm applies cutoffs to derived scores summarizing cognitive data for self-
respondents and both cognitive and functional data for proxy-respondents. In HRS, a proxy-
respondent is sought for respondents who are unwilling or unable to answer to an interview 
themselves. Proxies are usually the spouse or another close family member [20]. Proxy 
interviews are essential to maintaining coverage of the cognitively impaired [21]. For self-
respondents, the summary score is cognitive test performance on the modified Telephone 
Interview for Cognitive Status (TICSm) [22]. The total TICSm score is the sum of three 
cognitive tasks: immediate and delayed recall of 10 words (0–20 points), serial 7 subtraction 
(0–5 points), and backward counting (0–2 points). A total score of 27 points is possible. 
Based on the total score, participants were classified into “normal cognition” (12–27 points), 
“cognitively impaired not dementia (CIND)” (7–11 points) and “dementia” (≤6 points). For 
proxy-respondents, the summary score consists of cognitive and functional data: a memory 
rating ranging from excellent to poor (score 0–4), an assessment of limitations in five 
instrumental activities of daily living (managing money, taking medication, preparing hot 
meals, using phones, and buying groceries; score 0–5), and the interviewer assessment of 
difficulty completing the interview because of cognitive limitation (score 0–2 indicating 
none or some limitation, or prevents completion). High scores are classified as affected by 
dementia (6–11) and medium scores (3–5) as CIND.
For the analyses, we examined predictors for cognitive impairment (i.e., CIND and 
dementia; TICSm ≤11 points for self-respondents, L-K-W score ≥3 for proxy-respondents) 
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and dementia (TICSm ≤6 points, L-K-W score ≥6) to address whether predictors varied by 
severity of impairment.
Statistical analyses
Two survival analyses were conducted for each outcome: RFSA and Cox PH. Both analyses 
are described in more detail in the supplementary material (S1.2). We chose age-at-onset 
instead of time-in-study (i.e., length of follow-up) as time scale in the survival analyses, 
because we expected the risk of cognitive impairment/dementia to change as a function of 
age rather than a function of time-in-study [23,24]. For example, we would expect more of a 
difference in cognitive impairment/dementia risk between a 55 and 70-year-old participant 
with the same length of follow-up than between two 60-year-olds with a different length of 
follow-up. By using age-at-onset as the time scale, the model computes risk estimates at the 
age of cognitive impairment/dementia onset, given the event has not occurred at younger 
ages. Using age-at-onset as the time scale assumes that participants with similar risks (i.e., 
the 60-year-olds) belong to the same risk set and indirectly adjusts for a potential age effect 
[25]. Consequently, age at baseline is expected to have a negative predictive effect in our 
analyses: Older participants at baseline, compared to younger ones, show decreased risk for 
cognitive impairment, because they have already demonstrated their cognitive fitness, given 
that the event of interest (cognitive impairment or dementia) has not yet occurred for them 
(cf. Figure S1). Participants who did not score in the range of cognitive impairment/
dementia were censored at the time of their last cognitive assessment.
We randomly divided the data into two subsamples (n1 = 4,990; n2 = 4,989) so that each of 
the survival analyses could be conducted independently. In the Cox PH, we included 
predictors that (a) had RFSA relative importance ≥ 0.20 (max = 1.00), and (b) ranked among 
the strongest 15 predictors in at least four of six sensitivity analyses. In a series of sensitivity 
analyses (see supplementary material S2–S6), we explored the robustness of the VIMP 
rankings. Pearson correlations were performed to evaluate the consistency between the 
relative importance of main and sensitivity analyses (Table S7).
Analyses were run with R software [26]. For RFSA, we used the “randomForestSRC” 
package [27]. We generated 1,000 trees per random forest and imputed missing data with 5 
iterations. For Cox PH, the “survival” package [28] was used. Missing data were imputed 
using multiple imputation with the “mice” package [29] (method: predictive mean matching, 
number of imputations: 30). Missing data were imputed at run-time. All variables included 
in the analyses were used for data imputation. Significance was set to p-values < .01.
RESULTS
The findings of RFSA and Cox PH are shown in Table 2 (cognitive impairment) and Table 3 
(dementia). Figure 1 summarizes the most important predictors as determined by the 
combined methodology of machine learning and semi-parametric survival analysis. Table 4 
presents the VIMP ranking of all predictors. The supplementary material (S2–S7) contains 
the findings of the sensitivity analyses. Across all sensitivity analyses, the VIMP rankings 
were consistent for both cognitive impairment and dementia, and correlation coefficients 
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indicated high consistency (r =.67 – 1.00) between the relative importance of main and 
sensitivity analyses ran with “randomForestSRC”.
Cognitive impairment
RFSA.—The predictive error rate for the random forests converged to 34% after 1,000 trees 
were generated. RFSA showed that African American was the strongest predictor, with 
relative importance (Irel) = 1.00. Two sociodemographic variables, wealth and education, 
were also among the top predictors. The next top predictors were BMI slope, subjective 
health, emotional distress, and Hispanic ethnicity. The relative importance of other 
predictors from the literature [2,5,8] were smoking (ranked 10th), polygenic score with 
APOE ε4 (ranked 18th), polygenic score without APOE ε4 (ranked 33rd), total physical 
activity (ranked 34th), diabetes (ranked 37th), hypertension (ranked 47th), and BMI at 
baseline (ranked 48th) (Table 4). It should be noted that age at baseline had a negative 
predictive effect (Irel = −.40, rank 52), which is in line with expectations using age-at-onset 
as the time scale of survival metric.
Cox PH.—The Cox PH models included seven predictors based on the aforementioned 
inclusion criteria and was run in the second subsample. Results were mostly consistent with 
the RFSA but one included predictor (i.e., wealth) did not have a significant hazard ratio. 
African American was the strongest predictor and associated with having more than twice 
the relative risk for developing cognitive impairment. One additional unit on education and 
subjective health was associated with decreased relative risk (minus 20% and 13%, 
respectively). In contrast, an increase of 1 SD in both BMI slope and emotional distress 
increased relative risk by 16% and 38%, respectively. Likewise, Hispanics were associated 
with 65% greater chance to develop cognitive impairment.
Dementia
RFSA.—The predictive error rate for the random forests converged to 36% after 1,000 trees 
were generated. The three top predictors for dementia risk were BMI slope, emotional 
distress, and diabetes, followed by African American, childhood traumas, and hemoglobin 
A1C. Of further note, total physical activity ranked 15th, hypertension ranked 27th, 
polygenic score without APOE ε4 ranked 30th, polygenic score with APOE ε4 ranked 41st, 
baseline BMI ranked 48th, and smoking ranked 50th (Table 4). Again, age at baseline had a 
negative predictive effect (Irel = −1.00, rank 52).
Cox PH.—Of the six included predictors, two had a significant hazard ratio. Specifically, an 
increase of 1 SD in emotional distress was linked to 85% increased relative risk. 
Furthermore, African American was also related to relative increased risk (plus 117%). BMI 
slope, diabetes, childhood traumas, and hemoglobin A1C were not significantly linked to 
incident dementia.
DISCUSSION
This study used a combined methodology of machine learning and semi-parametric survival 
analyses to estimate the relative importance of 52 variables in predicting cognitive 
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impairment and dementia in a large sample of older adults. Results showed that African 
Americans and individuals with high scores of emotional distress were at relatively highest 
risk for developing cognitive impairment and dementia. Additionally, health variables 
(worse subjective health, increasing change in BMI) and sociodemographic variables (lower 
education, Hispanic ethnicity) were comparatively strong risk factors for cognitive 
impairment. More commonly studied and identified risk factors from the literature, such as 
cardiovascular variables and polygenic scores, appeared to be of lesser importance when 
evaluated concurrently with the above predictors. Multiple post-hoc sensitivity analyses 
pointed to the robustness of these results.
The finding that African American was among the most important risk factors for both 
cognitive impairment and dementia accords with past studies [30,31] that reported a greater 
dementia risk for African Americans compared to Whites and other ethnic groups. Specific 
factors contributing to this outcome are difficult to pinpoint, but they are likely related to 
underlying sociodemographic conditions that affect access to health care [32,33]. Several of 
these risk factors (e.g., education, wealth) showed a similarly high relative importance in the 
RFSA; however, African American was overall among the most important predictors —
probably because for predictive purposes it spanned multiple other risk dimensions. Of note, 
lower wealth was the second strongest risk factor for cognitive impairment in RFSA but was 
non-significant in Cox PH. It could be that African American had a direct effect, whereas 
wealth had an indirect effect on cognitive impairment (e.g., via complicated interactions not 
included in Cox PH but considered in RFSA). Or, it seems also possible that the predictive 
overlap of wealth and African American did not affect estimates of relative importance in 
RFSA (because RFSA is robust against multicollinearity), whereas in Cox PH, predictive 
power shared between wealth and African American was largely subsumed by the latter.
A post-hoc analysis revealed that, indeed, African Americans reported significantly lower 
wealth (M = $208,000; SD = $391,000) compared to Whites (M = $590,000; SD = 
$847,000), t(973) = −17.21, p < .001, and this supports the idea of economic disparity as a 
key factor contributing to risk differences between African Americans and Whites. Lower 
financial status could limit access to health care and may also negatively impact variables 
beneficial for building cognitive reserve, such as access to educational resources and 
environmental settings conducive to mental wellness [34]. Future studies may examine 
whether contextual factors (e.g., neighborhood as indicator for socioeconomic status) 
provide additional predictive information concerning African Americans’ elevated risk for 
cognitive impairment.
Emotional distress was related to increased risk of cognitive impairment and dementia. 
However, at present, the corresponding literature is somewhat fragmented by the use of 
numerous negative emotionality measures [5,8,35,36]. In this study, we used factor 
analytical techniques to create a composite score of emotional distress (i.e., neuroticism, 
hostility, anxiety, negative affect, hopelessness, pessimism, depression, loneliness, and 
perceived constraints) that captures a core latent construct underlying these highly 
interrelated measures. Emotional distress may lead to social and cognitive disengagement, 
which in turn may exacerbate cognitive decline [2,5,8,9]. Additionally, higher emotional 
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distress is associated with higher cortisol levels [37], which over time may contribute to 
brain atrophy, loss of cognitive function, and ultimately dementia [38].
Additionally, two health variables (poor subjective health, increasing change in BMI) and 
two sociodemographic variables (lower education, Hispanic ethnicity) were comparatively 
strong predictors for cognitive impairment. Subjective health has been shown to be a reliable 
and robust predictor of mortality risk [14], but its prognostic capacity for cognitive 
impairment has been rarely examined [39]. Subjective health may reflect complex 
interrelations between mental, social, functional, and biological aspects of an individual 
[40]. This higher-order integration might, compared with more narrowly defined risk factors, 
be especially important for predicting cognitive impairment in older adults [14].
As for BMI, its relation with cognitive impairment/dementia appears to vary with age: A 
comparatively higher BMI in midlife may increase risk, whereas a lower BMI in later life 
may be a marker of dementia [41–43]. Our results show that gain in BMI (positive slope) in 
later life predicts increased risk of cognitive impairment. This suggests that future research 
may benefit by considering not only stable between-person differences in BMI at a given 
time or age but also within-person changes in BMI as predictive of increased cognitive risk.
Education had a protective effect of on cognitive health, as previously shown in other studies 
[2,44,45]. Higher education may impact cognitive health through multiple and complex 
pathways [46]. Specifically, higher education is associated with a healthy lifestyle, secure 
income, supportive relationships, and better general health [47], any of which may confer 
increased protection against cognitive decline. Considering its potential modifiability, 
prioritizing education in future research and public policy related to cognitive decline 
appears very much worthwhile. Along these lines, improved access to education [45] and 
evaluating whether education after secondary school provides additional protection against 
cognitive decline [4] are important goals. In addition to education, Hispanic ethnicity was 
among the most important sociodemographic risk factor for cognitive impairment. The risk 
for Hispanics was found to be lower than for African Americans but higher than for Whites 
[30,48,49].
To summarize, African American and emotional distress appeared as key risk factors for 
both cognitive impairment and dementia across both analyses (Figure 1). Risk factors 
identified by previous ranking approaches [2,5,8,13], such as smoking, physical inactivity, or 
hypertension, as well as polygenic scores, were of less importance. It seems likely that these 
more narrowly defined risk factors were here subsumed by higher-order factors, such as 
emotional distress or subjective health, as the latter reflect complex interrelations between 
various aspects of an individual [40].
Limitations
This study has several limitations. First, predictive associations were based on correlational 
analyses which are inherently bidirectional. It could be that the preclinical phase preceding 
the onset of cognitive impairment/dementia leads to changes in the predictors (reverse 
causation). Considering possible reverse causality, we conducted a sensitivity analysis by 
excluding participants whose cognitive impairment/dementia had developed within the first 
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2 years of follow-up (supplementary material). For cognitive impairment, the VIMP ranking 
was robust for 13/15 predictors (Table S2). For dementia, the VIMP ranking was robust for 
12/15 predictors (Table S4). For example, emotional distress decreased from rank 2nd (Irel 
=.40) to 6th (Irel =.12) when excluding the individuals whose dementia had developed within 
the first 2 years of follow-up. This may indicate that prodromal dementia leads to higher 
emotional distress. Although we only included cognitively healthy individuals at baseline 
and adopted an analytical framework that was inherently longitudinal (i.e., we used earlier 
assessments to predict upcoming cognitive impairment or dementia), we cannot disentangle 
completely risk factors from reverse causation. Future research could aim to do so by 
extending our analytical framework to examine longer follow-ups and time-ordered 
predictor-outcome associations during the transition period from the preclinical to the overt 
clinical phase.
Second, cognitive outcome measures were based on a performance measure for self-
respondents and a rating measure for proxy-respondents rather than on clinical diagnosis. It 
would be helpful to validate our findings against clinical diagnoses of cognitive impairment/
dementia and with respect to the different etiologies of dementia (e.g., Alzheimer’s disease, 
frontotemporal dementia). Additionally, we did not consider baseline cognitive performance 
as a predictor of cognitive impairment or dementia risk because (a) these cognitive variables 
were based on the same measures as our outcomes (leading to inflated estimates of 
predictive power), (b) doing so would have discarded data from individuals who were 
present at a single follow-up measurement occasion only, thereby greatly reducing 
generalizability of our findings because of selectivity, and (c) we considered it important to 
examine risk factors for cognitive impairment and dementia independently of knowledge of 
prior cognitive history (e.g., consistent with initial presentation in a clinical setting, where 
patients do not show up with prior cognitive assessments).
Third, the follow-up was relatively short, especially for cardiovascular risk factors. It is 
possible that variables such as hypertension and BMI (i.e., obesity) appear of greater 
importance when assessed in midlife rather than late life. For instance, a review [50] 
concluded that dementia risk was larger in studies that measured hypertension, obesity, and 
dyslipidemia in midlife (compared to late life) and had a longer follow-up. Thus, the timing 
of when during the life course different risk factors are important is crucial and requires 
further investigation.
Lastly, the relative importance scores (Irel) are not weighted by population prevalence, so 
although their relevance is appropriately estimated from a statistical perspective within our 
sample, it may have varying implications at the population level. Yet, given the overall 
representativeness of our sample, we believe that a weighting procedure applied to the 
estimated relative importance scores would not have substantially modified the ranking of 
predictors we present here. Surely, from a public health perspective, it would be invaluable 
to know the proportion of individuals in the total population that are affected by the various 
risk factors (population attributable risk), but this analysis is beyond the scope of the current 
work.
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A combined methodology of machine learning and semi-parametric survival analysis 
allowed for robust, simultaneous estimation of the relative importance of 52 multi-domain 
risk factors for cognitive impairment and dementia within a large, representative sample of 
adults from the US population. The present findings suggest that higher-order factors (e.g., 
emotional distress, subjective health) are more important than narrowly defined factors (e.g., 
clinical and behavioral indicators) when evaluated concurrently. Higher-order factors are 
likely to reflect complex interactions between functional, social, mental and biological 
aspects of an individual, accumulated over their lifespan. Identifying these interactions 
seems a considerable challenge, but one that affords the potential to better understand the 
multifactorial etiology of dementia. Multi-interdisciplinary collaborations that integrate 
multidimensional layers of data (e.g., health, lifespan, environmental, social, genetic) and 
apply multi-methodological approaches (e.g., machine learning, survival analysis, multilevel 
modeling) are now necessary to move the field forward and address one of the most urgent 
global health challenges of our time.
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The most important predictors for cognitive impairment (Part A) and dementia (Part B). The 
relative variable importance (as determined by random forest survival analysis) is graphed 
on the y-axis, ranging from 0 (lowest importance) to 1 (highest importance). The hazard 
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ratios (as determined by the Cox PH survival analysis) are shown on the x-axis, ranging 
from 0 to 3. The colors of the dots indicate the factors that were significantly related to an 
increased (red) or decreased (green) risk.
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Table 1
Descriptive statistics of the 52 variables in the sample.
Demographics N M SD Min Max
 Age 9,979 67.01 9.18 50 98
 Gender (female) 9,979 59.8%
 Education (in years) 9,963 13.27 2.61 0 17
 Race (African American) 9,976 9.3%
 Race (Other) 9,976 3.5%
 Ethnicity (Hispanic) 9,979 6.2%
 Income (in 1,000 USD) 9,966 66.88 61.97 0 300
 Wealth (in 1,000 USD) 9,966 554.19 816.91 −769 5,060
 Marital status (married) 9,978 67.3%
 Work 9,809 37.6%
 Type home (assisted) 9,811 0.6%
Psychosocial N M SD Min Max
 Conscientiousness 9,895 3.41 0.45 1 4
 Openness 9,877 2.99 0.53 1 4
 Extraversion 9,908 3.26 0.53 1 4
 Agreeableness 9,906 3.55 0.45 1 4
 Emotional distress (z) 9,978 −0.01 0.68 −1.31 3.39
 Life satisfaction (z) 9,857 0.06 0.98 −2.82 1.67
 Positive affect (z) 9,877 0.08 0.95 −3.70 2.04
 Purpose in life 9,821 4.70 0.90 1 6
 Optimism 9,843 4.57 1.12 1 6
 Social contact 7,213 3.72 0.76 1 6
Health N M SD Min Max
 Subjective health 9,972 3.35 1.02 1 5
 Childhood health 6,765 4.23 0.94 1 5
 Hearing 9,975 3.43 1.06 1 5
 Hear aid 9,302 1.8%
 Sleep medication 9,975 19.8%
 Childhood traumas 9,901 0.34 0.60 0 3
 Lifetime traumas 9,911 1.23 1.18 0 7
 BMI 9,807 28.97 5.65 11.18 83.82
 Highest BMI ever 9,908 30.82 6.55 11.33 49.71
 BMI slope 9,979 0.00 0.99 −3.59 3.58
 Waist circumference 8,781 39.34 5.60 25.00 55.25
 Hypertension 9,960 55.8%
 Diabetes 9,961 18.0%
 Heart disease 9,965 22.9%
 Stroke 9,966 4.9%
 Cancer 9,976 14.8%%
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 Alcohol 9,965 56.3%
 Mild activity 9,963 93.7%
 Moderate activity 9,962 83.7%
 Vigorous activity 9,960 42.9%
 Total activity 9,966 96.6%
 Smoking ever 9,978 52.6%
 Functional limitations 8,920 2.14 2.43 0 10
 Grip strength 7,802 32.12 10.82 0.50 60.50
Biomarker/Polygenic N M SD Min Max
 Cholesterol 7,802 203.24 41.69 89.04 405.41
 High Density Lipoprotein 6,748 55.55 16.30 12.11 139.52
 Cystatin C 7,820 0.00 0.13 −0.64 0.98
 C Reactive Protein 7,891 0.30 0.51 −1.70 2.34
 Hemoglobin A1C 8,119 5.81 0.90 4.07 14.79
 Polygenic score APOE without ε4 7,082 −0.03 1.00 −3.95 4.08
 Polygenic score APOE with ε4 7,082 −0.03 1.00 −3.95 4.07
Cognitive Status N M SD Min Max
 Impairment 3,119 (31.3%)
 Dementia 622 (6.2%)
 Time-to-detection impairment 9,979 6.85 2.76 2 10
 Time-to-detection dementia 9,979 7.67 2.33 2 10
 Age at onset impairment 9,979 73.86 8.70 52 101
 Age at onset dementia 9,979 74.68 8.79 52 101
Note. N = number of participants; M = mean; SD = standard deviation. Data of 52 predictors were obtained in 2006 or 2008, respectively, except 
polygenic scores, which were obtained in 2013. Smoking refers to whether participants have ever smoked from 1992 to 2008. We included three 
variables of BMI: BMI at baseline, highest BMI ever and BMI slope. Given that there was no measure for midlife obesity in the data, highest BMI 
ever and BMI slope seemed the best possible alternatives. BMI slope was calculated using information from the earliest available measurement 
occasion in HRS - e.g., 1992 - until 2 years before year of detection of cognitive impairment/dementia or the last year of cognitive testing for 
unimpaired individuals. Emotional distress is an averaged factor consisting of standardized negative emotion variables (i.e., neuroticism, hostility, 
anxiety, negative affect, hopelessness, pessimism, depression, loneliness and perceived constraints). The items of life satisfaction were rated on a 
scale from 1–6 in 2006 and from 1–7 in 2008. Scores were thus standardized before combining them. For positive affect, participants rated 6 (in 
2006) and 12 (in 2008) items. Scores were thus standardized before combining them. Time-to-detection (in years) refers to years from baseline to 
year in which onset of impairment/dementia was detected. The assessment of all variables is described in the supplementary material.
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Table 2
Variables associated with risk of cognitive impairment.
RFSA: Irel Cox PH
Rank Variable Mean HR 95% CI p-value
1 African American 1.00 2.52 [2.18, 2.91] 0.000
2 Wealth 0.59 0.98 [0.91, 1.06] 0.634
3 Education 0.57 0.80 [0.76, 0.84] 0.000
4 BMI Slope 0.33 1.16 [1.09, 1.22] 0.000
5 Subjective Health 0.27 0.87 [0.83, 0.92] 0.000
6 Emotional Distress 0.27 1.38 [1.24, 1.53] 0.000
7 Ethnicity (Hispanic) 0.22 1.65 [1.35, 2.01] 0.000
Note. Random forest survival analysis (RFSA, n = 4,990) and Cox proportional hazard analysis (Cox PH, n = 4,989) were conducted in different 
subset of participants. The data were randomly divided into two subsamples so that each of the survival analyses could be conducted independently. 
The simple splitting was based on the outcome using the function “createDataPartition” in R. Relative importance (Irel) refers to the relative 
importance in predicting risk of cognitive impairment. The relative importance of the strongest predictor in RFSA is expected to be equal 1.00. HR 
= Hazard ratio; 95% CI = 95% confidence intervals.
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Table 3
Variables associated with risk of dementia.
RFSA: Irel Cox PH
Rank Variable Mean HR 95% CI p-value
1 BMI Slope 0.42 0.90 [0.73, 1.11] 0.307
2 Emotional Distress 0.40 1.85 [1.41, 2.44] 0.000
3 Diabetes 0.34 1.11 [0.71, 1.74] 0.646
4 African American 0.33 2.17 [1.32, 3.55] 0.002
5 Childhood Traumas 0.23 1.20 [1.01, 1.42] 0.034
6 Hemoglobin A1C 0.20 1.53 [0.90, 2.61] 0.119
Note. Random forest survival analysis (RFSA, n = 4,990) and Cox proportional hazard analysis (Cox PH, n = 4,989) were conducted in different 
subset of participants. The data were randomly divided into two subsamples so that each of the survival analyses could be conducted independently. 
The simple splitting was based on the outcome using the function “createDataPartition” in R. Relative importance (Irel) refers to the relative 
importance in predicting risk of dementia. The relative importance of the strongest predictor in RFSA is expected to be equal 1.00. HR = Hazard 
ratio; 95% CI = 95% confidence intervals.
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Table 4
Variable Importance (VIMP) ranking for cognitive impairment (Part A) and dementia (Part B).
Rank A: Cognitive Impairment Irel B: Dementia Irel
1 African American 1.00 BMI Slope 0.42
2 Wealth 0.59 Emotional Distress 0.40
3 Education 0.57 Diabetes 0.34
4 BMI Slope 0.33 African American 0.33
5 Subjective Health 0.27 Childhood Traumas 0.23
6 Emotional Distress 0.27 Hemoglobin A1C 0.20
7 Ethnicity (Hispanic) 0.22 Education 0.19
8 Grip Strength 0.17 Life Satisfaction 0.17
9 Childhood Traumas 0.16 Ethnicity (Hispanic) 0.15
10 Smoking 0.15 Childhood Health 0.15
11 Marital Status 0.13 Funct. Limitations 0.13
12 Social Contact 0.11 Subjective Health 0.10
13 Cystatin C 0.10 Stroke 0.09
14 Income 0.08 Social Contact 0.08
15 Cholesterol 0.07 Activity Total 0.07
16 Work 0.07 Openness 0.07
17 Childhood Health 0.06 Hearing 0.07
18 Polygenic Score with APOE ε4 0.05 Cystatin C 0.06
19 Openness 0.05 Purpose in Life 0.06
20 Functional Limitations 0.05 Alcohol 0.06
21 Hemoglobin A1C 0.04 Income 0.05
22 Race (Other) 0.03 Positive Affect 0.05
23 Conscientiousness 0.03 Lifetime Traumas 0.04
24 Agreeableness 0.02 Work 0.03
25 Cancer 0.02 Marital Status 0.03
26 Alcohol 0.02 Agreeableness 0.03
27 Gender 0.02 Hypertension 0.02
28 Lifetime Traumas 0.02 Moderate Activity 0.02
29 Hearing 0.01 Wealth 0.01
30 Vigorous Activity 0.01 Polygenic Score with APOE ε4 0.01
31 Optimism 0.01 Mild Activity 0.01
32 Mild Activity 0.01 Conscientiousness 0.01
33 Polygenic Score without APOE ε4 0.01 Optimism 0.01
34 Activity Total 0.01 Highest BMI 0.01
35 Extraversion 0.00 Hear Aid 0.00
36 Purpose in Life 0.00 Type Home 0.00
37 Diabetes 0.00 Extraversion −0.01
38 Life Satisfaction 0.00 Vigorous Activity −0.01
39 High Density Lipoprotein 0.00 Race (Other) −0.01

















































Aschwanden et al. Page 22
Rank A: Cognitive Impairment Irel B: Dementia Irel
40 Type Home 0.00 Gender −0.01
41 Hear Aid 0.00 Polygenic Score without APOE ε4 −0.01
42 Stroke −0.01 High Density Lipoprotein −0.02
43 Heart Disease −0.01 Sleep Medication −0.02
44 Highest BMI −0.01 Grip Strength −0.02
45 Moderate Activity −0.01 Heart Disease −0.02
46 Sleep Medication −0.01 Cancer −0.04
47 Hypertension −0.01 Cholesterol −0.04
48 BMI −0.01 BMI −0.05
49 Waist Circumference −0.02 C Reactive Protein −0.07
50 Positive Affect −0.02 Smoking −0.07
51 C Reactive Protein −0.04 Waist Circumference −0.07
52 Age at Baseline −0.40 Age at Baseline −1.00
Note. Random forest survival analysis (RFSA) was conducted in a subsample (n = 4,990) separately for cognitive impairment and dementia. 
Relative importance (Irel) refers to the relative importance in predicting risk of cognitive impairment and dementia, respectively.
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